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Dai Gridded PDSI Data 22
The gridded drought reconstructions for Monsoon Asia (the rectangular domain defined in 24
Fig. 1A of the main paper) are based on the Palmer Drought Severity Index (S1; PDSI), a well-25 known and widely used metric of hydroclimatic variability (S2) . Success in reconstructing PDSI 26 from tree rings in various parts of Asia (S3-S8) indicates that this drought metric is well suited 27 for spatial reconstruction using our Monsoon Asia tree-ring network. To this end, we are using a 28 global instrumental PDSI data set produced by A. Dai and others (S9, S10) on a 2.5° regular grid 29 and provided by NOAA/OAR/ESRL/PSD, Boulder, Colorado, USA (http://www.cdc.noaa.gov/). 30
The full dataset is publicly available (http://www.cgd.ucar.edu/cas/catalog/climind/pdsi.html) 31
and covers the nominal time period . 32
This PDSI dataset (henceforth Dai-PDSI) was calculated from gridded monthly precipitation 33
and temperature data (S11-S13). With regards to the Monsoon Asia domain being reconstructed, 34 the nominal 1870-2005 time period covered by Dai-PDSI cannot be fully utilized because the 35 number of meteorological station records used to produce the monthly precipitation field over 36
Asia declines very rapidly prior to 1951. This change in data density over space and time is 37 described globally (S11), but not specifically for our region of interest. We illustrate here how 38 this problem manifests itself over Monsoon Asia using the precipitation station inventory data 39 (S14; http://cdiac.ornl.gov/ftp/tr051/station.inv) that form the basis for most of the gridded 40 precipitation data used to produce Dai-PDSI. 41 Figure S1 shows the spatial distributions of precipitation stations (blue dots) available by 42 1880, 1890, 1900, 1910, 1920, 1930, 1940, 1950 margins of the major voids can compensate somewhat for the lack of data in those voids through 52 the method of inverse-distance weighted interpolation used (S11). However, the quality of the 53
Dai-PDSI data must decline significantly before 1951 in some areas and a significant amount of 54 the downloaded pre-1951 data was also flagged as missing. This problem made it impossible to 55 estimate meaningful trends in PDSI over most of Mongolia and western China prior to 1950 56 (S10). This deficiency places some serious constraints on the calibration-verification procedures 57 used here for reconstruction of PDSI from tree rings. 58
It is imperative that we use enough Dai-PDSI data for the calibration of tree rings to produce 59 statistically valid and stable reconstructions of past drought. It also makes sense to develop the 60 calibration models using the interval of highest instrumental data quality. The latter argues 61 strongly for 1951 being the first year of Dai-PDSI to use for calibration. In contrast, the last year 62 of data used for calibration is constrained by the common (i.e., earliest) last year of the tree-ring 63 series used for reconstruction, in this case 1989. Consequently, the calibration period we will 64 use is 1951-1989, 39 years in length. This is a relatively short calibration period, but we use 65 "leave-one-out" cross-validation (S15, S16) to provide a less biased measure of goodness-of-fit. 66 maximum: 67). In contrast, the verification period yielded 157 grid points with PDSI>|10| for a 113 total of 1603 monthly values (median: 6, maximum: 68). The difference between the number of 114 grid points between the two periods having PDSI>|10| may reflect in part the lesser quality of the 115 interpolated precipitation data used to calculate PDSI in the 1920-1950 interval. In any case, the 116 number of identified extremes was a small proportion of the total number of monthly values 117 (0.16% and 0.81% in the calibration and verification periods, respectively) and they were 118 virtually eliminated from the modified Dai-PDSI we used for calibration and verification. 119 120
Monsoon Asia tree-ring network 121 122
Over a period of many years, and especially over the past decade, great progress has been 123 made in developing a network of long, climatically sensitive, tree-ring chronologies from regions 124 directly affected by or in close proximity to the Asian monsoon. This has involved the collective 125 efforts of many individuals who either worked for us or have collaborated with us (Table S1) , 126 with the majority directly from the many Asian countries where we engaged in long periods of 127 field sampling, and engaged in extensive training and capacity building to enable our 128 collaborators to conduct tree-ring analysis in their countries. The ultimate goal of this tree-ring 129 network is the spatial reconstruction of Asian monsoon variability in all its regional forms (Fig.  130 1A in the main paper) over the past several centuries to millennium. The current state of the 131 tree-ring network we describe here reflects in part the history of success in applying methods of 132 tree-ring analysis to reconstruct past climate there, plus some exciting recent breakthroughs in 133 developing long climatically sensitive chronologies from tropical Southeast Asia. The development of long tree-ring chronologies from the core lowland tropical regions of the 148
Asian monsoon has taken much longer to achieve. It had long been the conventional wisdom 149 that tropical trees did not produce annual rings due to a general lack of climate seasonality. Only 150 over the past two decades have researchers been successful in using tropical tree rings for 151 climate reconstruction, owing in large part to selecting regions with sharply delineated wet and 152 dry seasons. Most of this success has come from teak (Tectona grandis), a deciduous hardwood 153 that grows in the lowland tropics of India, Southeast Asia, and Indonesia (S4, S41-S48), and four 154 species of mountain pine (Pinus merkusii, P. kesiya, P. wallichiana, P. roxburghii) growing in 155 the uplands of India, Southeast Asia, and the Philippines (S26, S49-S53). Each of these species 156 produces well-defined annual rings that can be cross-dated for tree-ring chronology 157 development. However, due to intense cutting of old growth teak for commercial sale and the 158 exploitation of the pine species for lumber and resins, it has been difficult to find enough old 159 living trees for developing robust chronologies even 250 years long. This limitation was 160 addressed for teak in a breakthrough manner in northwestern Thailand (S4) by 1) sampling many 161 remaining teak stumps left after logging the old-growth forest ~100 years ago, 2) updating the 162 stump tree-ring records with those obtained from second-growth teak trees typically only 100 163 years old, and 3) robustly linking the stump and second-growth tree-ring records together with 164 those from the few remaining centuries-old teak trees not suitable for logging. This laborious 165 procedure produced a teak chronology 448 years in length. It is presently the longest and most 166 robust teak tree-ring chronology yet developed. Results and potential for teak are indicated for 167
Indonesia as well, in the heart of the equatorial tropics where cross-dating can be particularly 168 difficult (S46) . No success has been reported in extending any of the Pinus species chronologies 169 back in time using remnant wood, although the potential may exist at some locations (S54) . 170
A significant new breakthrough in tropical Asian dendrochronology has recently occurred in 171
Southeast Asia with the development of a 535-year long tree-ring chronology from a rare 172 endemic conifer Fokienia hodginsii growing in northern Vietnam (S6). This record was found to 173 have a very strong pre-monsoon (March-May) moisture signal in its ring widths, which resulted 174 in a well-verified reconstruction of past drought, the longest one reported at the time for 175 Southeast Asia. This breakthrough was quickly followed by the development of an even longer 176 drought-sensitive F. hodginsii chronology from southern Vietnam that covers the past 979 years 177 (S55) . It too has a well-verified pre-monsoon drought signal in its ring widths and is now the 178 longest record of its kind from tropical Asia. These two records are critical multi-centennial 179 anchor points in our tree-ring network over Southeast Asia. 180
The end result of the many person-years of effort expended by tree-ring scientists in 181 developing tree-ring chronologies in Monsoon Asia has been the creation of a 327-chronology 182 tree-ring network (Fig. S3A ). This network is used here to reconstruct gridded Dai-PDSI for the 183 June-July-August (JJA) summer monsoon season over Monsoon Asia. The locations of the tree-184 ring chronologies (green dots) relative to the 534-point Dai-PDSI grid (red crosses) to be 185 reconstructed are indicated, followed by the frequency of starting years back in time binned by 186 century (Fig. S3B) , and the spatial distribution of approximate starting years (Fig. S3C) . The 187 spatial coverage of the tree-ring network is by no means complete, e.g., significant holes can be 188 found in India south of the Himalayas and in large parts of China. Some of the lack of coverage 189 is due to no forest cover (e.g., parts of western China, central Asia, and the Tibetan Plateau), the 190 lack of suitable tree species to sample in the lowland tropics, and the lack of access to existing The 327 tree-ring chronologies used for reconstruction were all standardized (i.e., detrended 200 and transformed into dimensionless growth indices) from the basic raw tree-ring measurements. 201 This is done to remove biological growth trends related to increasing tree size and age that are 202 largely unrelated to climate. The method of detrending used can have a profound effect on the 203 retention of low-frequency variance due to climate in the resulting tree-ring chronology. This is 204 related in part to the 'segment length curse' (S56) and in part to the method of detrending used 205 (S57). Therefore, great care was taken to preserve variability at centennial or greater time scales 206 by choosing growth curves for detrending that removed the least amount of low-frequency 207 variance consistent with the form of observed biological growth trend being removed. In some 208 cases, the 'Regional Curve Standardization' method (S57) was used to preserve very long time 209 scale multi-centennial variability. Consequently, we are confident that our Dai-PDSI 210 reconstructions can be used to evaluate changes in monsoon variability out to at least centennial 211 time scales and probably somewhat longer. 212 213
Dai-PDSI Reconstruction Method 214 215
The method of reconstruction used for reconstructing Dai-PDSI is a modified form of 'Point-216 by-Point Regression' (PPR; S58). PPR is a well-tested and easily interpreted principal 217 components regression method that has produced high-quality reconstructions of PDSI over 218
North America (S59) and the widely used North American Drought Atlas (NADA; S60). PPR is 219 based on the premise that only those tree-ring chronologies relatively close to a given PDSI grid 220 point are likely to be true predictors of drought at that location, where 'true' implies a causal 221 relationship between tree rings and drought that is stable through time. As originally conceived, 222 PPR had two free variables to optimize: a search radius and a screening probability. The search 223 radius defines the maximum distance used for finding candidate tree-ring series (i.e., what is 224 meant by 'relatively close') and the screening probability (expressed in terms of 1-α) defines the 225 correlation probability threshold for retaining the best subset of candidates to use for 226 reconstruction (i.e., what significance level of correlation between tree rings and PDSI is 227 acceptably strong and, therefore, likely to be 'true'). Extensive testing of the PPR method found 228 a near-global optimum search radius of 450 km and 0.90 screening probablility for 229 reconstructing gridded drought over the United States (S59). This was determined most clearly 230 from the verification statistics (S59; their Fig. B1) . 231
For the Monsoon Asia reconstruction problem, the PPR method as originally implemented 232 needed to be modified to produce well-verified reconstructions of Dai-PDSI. The highly 233 irregular distribution of tree-ring chronologies over the domain (Fig. S3A ) meant that a 'near-234 global' search radius optimum was impossible to determine clearly. In addition, a screening 235 probability optimum was likewise ambiguous due to the likely high noise level in the Dai-PDSI 236 data, especially in the 1920-1950 verification period (see Dai Gridded PDSI Data above). 237
Consequently, some modifications were made to PPR that allowed for an ensemble of 238 reconstructions to be made at each grid point with the result that the ensemble average was 239 considered superior to any individual PPR ensemble member in terms of both calibration and 240 verification skill. 241
The first modification was the elimination of the screening probability threshold. This 'hard-242 truncation' rule undoubtedly loses some useful information associated with tree-ring 243 chronologies that just barely fall below the threshold, e.g., a tree-ring chronology correlated at 244 the 0.901 1-α level would be retained while that correlated at the 0.899 1-α level would be 245 rejected using a 1-α threshold of 0.90. Clearly, some useful tree-ring predictability might be lost 246 here due to this hard truncation rule. On the other hand, keeping all series found within a given 247 search radius as predictors by using 1-α=0 for screening might allow too much noise to enter 248 into the principal components regression phase of PPR. 249 A way around this problem is to first admit that no optimal screening probability is likely to 250 exist for the Monsoon Asia reconstruction problem because the high level of noise in the tree-251 ring and Dai-PDSI data sets admits too many chance correlations to be found, both good and 252 bad. Assuming this to be true, an ensemble approach might improve the reconstructions by 253 averaging the ensemble members together to improve accuracy. This was the motivation behind 254 'bagging predictors' (S61), in which bootstrap replicates of the predictor set are generated to 255 produce an ensemble of predictand values for averaging. If there is instability in the prediction 256 method used, then perturbing the predictor data set can improve accuracy (S61) where wTR is the weighted tree-ring series, uTR is the original unweighted tree-ring series in 266 standard normal deviate form, r is the correlation between the tree-ring series and Dai-PDSI over 267 the 1951-1989 calibration period, and p is some power ≥0. If p=0, r p =1 and the predictor data set 268 is treated in the principal components analysis (PCA) phase of PPR in unweighted (i.e., 269 correlation) matrix form. However, if p>0, the predictors are weighted by r p and the PCA is 270 done in covariance matrix form with the more highly correlated tree-ring chronologies given 271 more weight. 272
There is no a priori reason to select any particular p for powering r, but the limiting case of 273 p=0 sets the lower limit. Here we use five additional values of p>0 that span the range p=0.5 to 274 p=2.0 in a way that produces symmetrically weighted contrasts. The theoretical form of these 275 contrasts is shown in Fig. S4. For 
Having shown the theoretical relationship in Fig. S4 , there is still no guarantee that a 6-283 member ensemble of tree-ring predictors perturbed by r p will necessarily yield a more accurate 284 ensemble average. That this is the case is illustrated next for the June-July-August (JJA) summer 285 monsoon season for four search radii: 500 km, 1000 km, 2000 km, and 3000 km. The 500 km 286 radius is close to the 450 km value identified for North America (S58). The motivation for using 287 the greatly expanded search radii is two-fold. First, the irregular and spatially incomplete 288 coverage of the Monsoon Asia tree-ring network requires a larger search radius for some grid 289 points in order to find any candidate tree-ring predictors at all (cf. the 1000 km radius circle in 290 Fig. S3A with grid points in northeast China). That is certainly the case here. Second, the search 291 radius tests reported in (S58) revealed evidence for some long-range verification skill using some 292 tree-ring chronologies as far away as 2500 km from each grid point (their Fig. B1 ). This longer-293 range teleconnection between tree rings and climate typically occurred over North America in 294 regions with relatively little topographic relief like the Great Plains where coherent climate 295 patterns tend to be larger than those in more mountainous regions. This expands the distance 296 over which meaningful correlations between tree rings and climate can occur. The same should 297 be expected in Asia across such broad areas with relatively low topographic complexity as the 298 Tibetan Plateau, the Mongolian steppes, and the Tarim Basin in western China. These areas may 299 also be totally treeless, e.g. the Tarim Basin. So to reconstruct PDSI uniformly across the grid, it 300 is necessary to 'bridge' those regions with estimates from tree rings in adjacent areas that 301 usefully correlate with grid point PDSI over the treeless regions. Consequently, there are good 302 reasons to investigate the use of multiple search radii here as part of the ensemble approach to 303
Dai-PDSI reconstruction. 304 Figure S5 shows boxplots of the JJA calibration period cross-validation reduction of error 305 (CVRE) and the verification period square of the Pearson correlation (VRSQ), both measures of 306 fractional explained variance. CVRE uses a leave-one-out procedure (S15, S16) to calculate the 307 reduction of error statistic (S58), which provides a less biased (and lower) expression of 308 calibrated variance compared to the coefficient of multiple determination, R 2 . In the calibration 309 period, CVRE increases as the search radius increases due to the larger number of candidate tree-310 ring series found. CVRE also increases with the weighting applied to the tree-ring series by r p . In 311 contrast, the verification period VRSQ changes very little as a function of r p and search radius. 312
This means that there is no way to easily discriminate between any of the models based on 313 verification statistics alone. All do equally well or poorly when viewed this way. 314
The 6-member ensemble mean for each search radius, based on the biweight robust mean 315 (S62), shows in most cases a slight improvement in CVRE and VRSQ compared to its individual 316 ensemble members. This probably reflects a small degree of "instability of the prediction 317 method" (S61) due to noise in the predictor and predictand data sets and the relatively short 318 calibration period used. The averaging process reduces this noise and appears to slightly 319 improve reconstruction accuracy in the same basic way as 'bagging predictors' (S61) can, but 320 without the use of the bootstrap. 321
These results beg the question can we gain more reconstruction accuracy by averaging 322 together the full suite of 24 ensemble members (6 weighted models x 4 search radii)? The 323 answer is shown in Fig. S6 for both CVRE and VRSQ. The JJA search radius ensemble means 324 from Fig. S5 are shown (red boxplots in this case) along with the 24-member grand ensemble 325 mean (blue boxplots) for comparison. As before, the biweight robust mean was used for 326 averaging. In this case, the grand ensemble mean CVRE declines somewhat from the 3000 km 327 case with the highest 6-member ensemble mean CVRE. In contrast, the grand ensemble mean 328 VRSQ increases marginally over the best 1000 km case. This result suggests that some modest 329 improvement in reconstruction accuracy can be achieved by averaging the 24 ensemble members 330 together, but little additional gain should be expected by expanding the search radius further. 331
The cause of the decline in the grand ensemble mean CVRE can be understood by calculating 332 the variance in common among ensemble members at each grid point. For the individual search 333 radii, ~65% of the variance is in common on average and there is little difference between search 334 radii. So perturbing the same tree-ring series by r p does produce somewhat different 335 reconstructions as expected and in a larger way than suggested by the verification statistics alone 336 (Fig. S5) . However, when all 24 ensemble members are pooled, the average variance in 337 common drops again to only ~34%. This additional loss of common variance is most likely 338 caused by the use of different, but overlapping, suites of tree-ring series for PDSI reconstruction 339 as the search radius expands. This added uncertainty is again impossible to identify from the 340 search radius verification results. 341
These results are again consistent with "instability of the prediction method" (S61), which 342 justifies the use of ensemble averaging to improve accuracy. The loss of common variance in 343 the 24-member ensemble average explains the modest decrease in the grand ensemble CVRE, but 344 there is still a marginal positive impact on corresponding mean VRSQ. So it appears that the 345 grand ensemble mean is preserving reconstruction accuracy slightly better even though there are 346 greater differences between grid point reconstructions across search radii. Consequently, we will 347 use the 24-member grand ensemble mean reconstructions based on six levels of r p weighting and 348 four search radii as our best estimates of summer monsoon drought variability over Monsoon 349
Asia. 350 351

Verification Statistics 352 353
The full suite of verification statistics plotted as a series of maps in The product-moment correlation coefficient (r) is found in virtually every introductory 359 statistics book. It is a powerful statistic for testing the relative association between two 360 variables. One of its assumptions is that the series being cross-correlated are bivariate normally 361 distributed, which is a rather restrictive assumption. As a consequence, the product-moment 362 correlation coefficient is not very robust. However, its use in dendroclimatology is widespread 363 so we include it here in its squared form (r 2 or VRSQ) as a measure of fractional common 364 variance that is similar to the coefficient of multiple determination (R 2 ) commonly reported in 365 regression analysis. VRSQ is calculated as 366
where Xv and X  v are the means of the actual and estimated data, respectively, for years i=1,n 370 in verification period v. Note that both means are removed from both the actual and estimated 371 data when calculating VRSQ. As a consequence, it only measures association in relative terms 372 and, thus, is not sensitive to any discrepancy between those means in the verification period. 373 Therefore, it is the least rigorous of the three verification tests used here. The VRSQ also allows 374 for negative relationships between variables by taking the sign of r when it is negative. It also 375 follows that a 1-tail test is appropriate for testing VRSQ for significance because only a positive r 376 (and therefore VRSQ) is admissible for verification. Here we only plot those grid points that 377 verify at the 1-tail 90% level. This rather liberal threshold is used because we do not know how 378 much any weak verification results are due to poor instrumental data quality in the verification 379 period. The verification period reduction of error (VRE) statistic was first described (S63) as a way 384 of determining if a meteorological forecast was better than climatology (i.e., the mean of the 385 meteorological data in the calibration period). It is calculated as 386
where X c is the mean of the actual data in the calibration period. VRE ranges from − ∞ to +1.0,
390
with a VRE=0 being no better than calibration period climatology, i.e., X c . There are no formal 391 statistical significance tests of VRE, but a VRE>0 indicates that the reconstruction is better than 392 the calibration period mean as a hindcast, which is the lower limit reported here. VRE is an 393 extremely rigorous verification statistic because it has no lower bound. As a consequence, only a 394 few bad tree-ring estimates are needed to result in a negative RE even though most of the 395 reconstruction is of useful quality. Because of this lack of robustness, VRE>0 can be very 396 difficult to obtain in practice. 
where X v is the mean of the actual data in the verification period. Like the VRE, VCE ranges X v . Like VRE, there are no formal statistical significance test of VCE, but a VCE>0 indicates 409 that the reconstruction is better than the verification period mean as a hindcast, which is the 410 lower limit reported here. Note that the only difference between the VRE and VCE lies in how 411 the denominator sum-of-squares is calculated. Although this difference might seem trivial, large 412 differences between VRE and VCE can occur. When X v = X c , then VCE ≡ VRE. However, when X v ≠ X c , then VRE will always be greater then VCE by a factor related to that difference.
414
This follows by noting that for VCE, the sum-of-squares in the denominator is fully corrected 415 because X c is the correct mean. However for VRE, the denominator sum-of-squares will not be 416 fully corrected unless the calibration period mean is fortuitously identical to the verification 417 period mean. When this is not the case, the denominator sum-of-squares of VRE will be larger 418 than that of VCE resulting in VRE>VCE. Because the VCE will usually be less than the VRE, it 419 is even more difficult to pass. But as a "rule of thumb", a VCE>0 indicates some useful skill in 420 the climate reconstruction. (Fig. S1) . 436
The CVRE map shows a relatively uniform pattern of calibrated variance >0.30 over most of 437 the domain (median = 0.473). In contrast, the VRSQ, VRE, and VRE maps show much more 438 spatial variability. This difference is artificial because the maximum value of the color scale 439 given the poor coverage of tree-ring chronologies in some of those areas, especially India south 445 of the Himalayas (Fig. S3A) . The VRE and VCE maps show similar spatial patterns of skill, but 446 the magnitudes of skill are predictably somewhat lower than for VRSQ. The lack of validation in 447 western China and Mongolia may also be partly due to the lack of local instrumental climate data 448 there in the verification period (Fig. S2) . Only those grid points with at least one missing year of data are indicated. After infilling the 560 number of grid points with at least 15 years missing (~1/2 the total) decreased from 115 to 32, 561 with most of them located over western China and the Tibetan Plateau. 562 Figure S3 . The tree-ring chronology network used for reconstructing Asian monsoon drought. 564
The number of series is 327 and is irregularly distributed across the grid (Fig. S3A) . The earliest 565 starting year begins in AD 150, with most clustered in the post-1500 interval (Fig. S3B) . 566
However, the geographic coverage of the series beginning before AD 1500 matches the overall 567 spatial coverage of network reasonably well (blue squares in Fig. S3C ) and thus allows for useful 568 reconstructions of Dai-PDSI to be made back to AD 1300 over much of the grid. Figure S4 . The functional form of the r p weighting applied to the tree-ring predictors. Each 572 candidate tree-ring series is weighted by some power p of its correlation r with each grid point 573
Dai-PDSI as a form of perturbation for producing the ensemble members described in the text. 574 th century meteorological data exist 594 (S14, Fig. S1 ). The CVRE and VRSQ values plotted are significant at the 90% or better level (1-595 tail test); the VRE and VCE values plotted are all better than calibration or verification period 596 climatology (VRE and VCE > 0, respectively). 597 Figure S8 . Maps showing Distinct Empirical Orthogonal Functions (DEOF, S65) for the leading 599 modes not described in the main article. DEOF2 is a dipole between northeastern China and 600
Mongolia whose time series expansion shows a minimum at the time of the fall of the Ming 601 Dynasty (Figure 2A ). DEOF3 has weak but opposite sign loadings in India and southeast Asia 602 and is correlated with northwestern Pacific SSTs (S66), which are associated with the strength of 603 the subtropical cell (S67), while DEOF5 loads predominantly over Indonesia and has a strong, 604 canonical negative correlation with equatorial eastern Pacific and Indian Ocean SSTs (S68, S69) . 605
While the correlations with SSTs are necessarily over the historical period since 1854, the modes 606 represent decomposition of the full field into the major large-scale patterns of coherent spatial 607 variance that characterize the monsoon region back to at least the late Medieval period. 608 Table S1 . Individuals (other than the project principal investigators and authors of this paper) who contributed to
